Abstract-Fast deployment of renewable energy resources in distribution networks, especially solar photovoltaic (PV) systems, have motivated the need for inverter-based voltage regulation. Integration studies are often necessary to fully understand the potential impacts of PV inverter settings on the various elements of the distribution system, including voltage regulators and capacitor banks. A year long quasi-static time series (QSTS) at second-level granularity provides a comprehensive assessment of these impacts, however the computational burden associated with running QSTS limits its applicability. This paper proposes a fast QSTS simulation technique capable of modeling the smart inverter dynamic VAR control functionality and accurately estimating the states of controllable elements including voltage regulators and capacitor banks at each time step. Consequently, the complex interactions between various legacy voltage regulation devices is also captured. The efficacy of the proposed algorithm is demonstrated on the IEEE 13-bus test case with a 98% reduction in computation time.
I. INTRODUCTION
Decreasing costs, government incentives and global policies have caused a significant growth in the deployment of Distributed Energy Resources (DER). Solar PV installations alone have seen a tremendous growth over the past decade, with an average annual growth rate of 68% per year [1] . However, temporal and spatial variability of the PV power output has introduced numerous technical challenges that directly impact the reliability of the distribution grid. The first version of the IEEE 1547 standard, IEEE Standard for Interconnecting Distributed Resources with Electric Power Systems, did not allow DER to actively regulate the voltage at the Point of Common Coupling (PCC) [2] . Consequently, problems arising due to high PV penetration including over/under voltage violations, excessive reverse power flow and thermal overloading created a need to incorporate voltage regulating capability in grid-tied PV inverters [3] .
Many countries including Germany and the United States have now modified their grid integration requirements allowing This research was supported by DOE SunShot Initiative, under agreement 30691. Sandia National Laboratories is a multimission laboratory managed and operated by National Technology and Engineering Solutions of Sandia, LLC., a wholly owned subsidiary of Honeywell International, Inc., for the U.S. Department of Energy's National Nuclear Security Administration under contract DER to actively regulate voltage and frequency through the use of advanced/smart inverters [4], [5] . The California Public Utilities Commission recently amended its Rule 21 to mandate the use of inverters that can operate under a wide range of voltage and frequency levels and provide advance grid support functionality including voltage/frequency ride-through, softstart reconnection and dynamic VAR management [6] . Currently, smart inverters are capable of implementing various VAR management functions including Fixed Power Factor (FPF) and Volt-VAR (VV) to regulate PCC voltage [7] . Evaluating the voltage regulation performance of these VAR control functions using high-resolution QSTS is an area of growing interest [7] - [9] . In [10] , a detailed evaluation of appropriate smart inverter control parameters using QSTS simulation is performed, and an overall improvement in the operation of the distribution network is reported. Furthermore, voltage variability in feeders with high PV penetration can significantly impact the discrete-step, time-dependent controllable elements such as voltage regulators and capacitor banks. They can suffer from an excessive increase in the number of operations, thereby reducing their life expectancy. In [11] , the authors recommend using a yearlong, 1-second time step QSTS to accurately analyze the PV impacts on various elements of the distribution feeder. However, simulations with such fine granularity can take anywhere between 10 to 120 hours to run for realistic feeders because of the sheer number of total power flows solved. Therefore, a fast and accurate QSTS algorithm capable of analyzing the impacts of grid-tied PV inverters, is critical to maintaining distribution system reliability.
There are significant challenges associated with speeding up QSTS simulations. Firstly, the majority of distribution feeders have tap changing voltage regulators and capacitor banks with delays and hysteresis in their control logic. This makes the power flow equations describing the feeder as a switched nonlinear system of equations. Secondly, the interactions between various controllable elements can be difficult to model because of the temporal interdependence between simulation time steps [12] . Furthermore, smart inverters with dynamic VAR control add an additional layer of complexity due to their nonlinear control curves. Existing methods that have reported a significant reduction in computational time include vector quantization [13] , [14] , variable time-step [15] , circuit reduction [16] and event-based simulation [17] .
In previous work [18] , the authors proposed a state-based linear sensitivity model capable of performing a time series analysis of both radial and meshed 3-phase unbalanced distribution systems, with various discrete-step control elements including tap changing transformers and capacitor banks. By solving only a small fraction of power flows for the yearlong time series simulation, [18] reported a computational time reduction of greater than 99%. However, all of the aforementioned methods [13] - [18] do not consider the smart inverter functionality, which is the major focus of this work.
The main contribution of this paper is to extend the work in [18] by proposing a fast and scalable QSTS simulation algorithm capable of modeling the smart inverter dynamic VAR control. The proposed algorithm can accurately predict the impact of VAR control functions on conventional voltage regulation equipment and estimate their states at each time step for the yearlong 1-second resolution time series simulation. Consequently, appropriate smart inverter settings for various locations on the feeder can be obtained within a matter of minutes by running a set of candidate settings, as opposed to several days. The remainder of the paper is organized as follows: In Section II, a brief overview of the QSTS simulation methodology is presented. In Section III, a formulation of the linear sensitivity model for voltage regulators, capacitor banks and smart inverter dynamic VAR control is presented. This is followed by Section IV, which proposes an efficient utilization of the linear sensitivity model for fast QSTS simulation. Results of the simulations performed on a test circuit with realistic load and PV profiles are presented in Section V. Section VI concludes the paper with a discussion on future implications of this work.
II. PROBLEM OVERVIEW
In the so-called 'brute-force' QSTS simulation, power injection profiles act as inputs to the power flow solver, which then solves the AC power flow equations at each time step to obtain the bus voltage phasors. It also keeps track of the state of voltage regulators and capacitor banks through time. The power injection profile is a normalized vector that represents the per unit value of load or PV power injection at any given time throughout the year. For loads in a circuit, these power injections can be real, reactive or a combination scaling both real and reactive power proportionally. For PV, the power injections represent the active power output of the system based on the irradiance measurements. The length of these profiles depends upon the resolution at which the QSTS simulation is performed. For a 1-second resolution yearlong simulation, these profiles have roughly 31.5 million points. Commercially available software packages, such as OpenDSS and GridLAB-D, are highly optimized power flow solvers that can solve large unbalanced three phase distribution circuits in a fraction of a second. However, when solving 31.5 million power flows chronologically, the cumulative time taken is on the order of several days [15] . To speed up this process, one feasible approach is to significantly cut down the total number of power flows solved for the year long simulation. We propose 
III. LINEAR SENSITIVITY MODEL
The linear sensitivity model is a regression based model that exploits the correlation between phase voltage magnitude and power injections in the circuit. The proposed model relies on creating a local linearization of the voltage-power manifold to estimate voltage sensitivity coefficients. These coefficients are then used to estimate the bus voltages and controller states, the details of which are presented in [18] . For convenience, a brief geometric overview of the model is presented next.
In a circuit with no controllable elements, the relationship between phase voltage magnitude and k power injections can be approximated by the equation of a hyperplane given by,
where v (j) φ (t) and x i (t) represent the phase-to-ground voltage magnitude of phase φ at bus j and the i th load or PV power injection profile at time t respectively. In addition, β i is the voltage sensitivity coefficient and α 0 is the estimated voltage magnitude at zero power injection. For notational simplicity, we drop the subscript φ and refer to the vector H (j) [α 0 , β 1 , ..., β p ] as plane coefficients. Various analytical and empirical methods have been proposed to compute these plane coefficients including [19] , [20] . We propose an efficient multiple linear regression based perturb-and-observe algorithm to estimate these plane coefficients. The underlying idea is to introduce a small variation around the operating point, and measure its corresponding impact on the bus voltages. Once enough measurements are obtained, a least squares regression is used to create a local linearization of the voltage-power manifold. A detailed flow chart of this algorithm will be discussed in Section IV. Figure 2b shows the voltage-power manifold and its linear approximation in R 3 for the modified IEEE 13-bus test case with both regulators and capacitor states fixed. The x-axis represents the per unit value of power injections of all the loads in the circuit whereas the y-axis corresponds to the per unit PV power injection. In addition, the inverter at bus 675 is in FPF mode with unity power factor. For small variations in power injections, the linearity assumption produces a bounded error [21] .
A. Impact of Regulators and Capacitors on Bus Voltage
Voltage regulators and capacitor banks try to maintain the feeder voltage within a specified range by changing their states. For a regulator, a change in state corresponds to moving the tap position up or down whereas a capacitor switches on or off based on a control signal. The control logic for these controllable elements comprises of three key factors: 1) A control signal which is either the voltage across the secondary winding for regulators or the terminal phase voltage for capacitor banks. 2) Unique and well defined states which are the tap positions of the regulators (usually 33 taps) and connected/disconnected state of the capacitor banks. 3) A predefined transition boundary for the control signal at which the state of the controllable element changes. These are usually defined by the regulator or capacitor deadbands.
Therefore, in order to accurately estimate the state of controllable elements, their control signal needs to be estimated at each time step. Since these control signals are usually voltage driven, they can be easily approximated using (1). However, the discrete control actions of the regulators and capacitors can cause jumps in the voltage-power manifold, as seen in Figure 3 . Each surface corresponds to a different tap position of the voltage regulator monitoring phase A. Consequently, for each state of the regulator or capacitor, a new set of plane coefficients is required to estimate the control voltages and predict the state transitions.
B. Impact of Volt-VAR (VV) Control on Bus Voltage
VV control allows a grid-tied inverter to vary the reactive power injection or absorption based on its PCC voltage. The VV control usually follows a utility-defined curve, such as the one shown in Figure 4 . The underlying principle of VV control is to inject reactive power if the terminal voltage drops below a predefined value (P2), and to absorb reactive power if the voltage increases beyond the set limit (P3). A dead-band is often added to the VV curve, which stops reactive power injection/absorption as long as the terminal voltage remains within the dead-band. Considering Figure 4 , the VV curve has five regions: In R1 and R5, maximum reactive power is injected and absorbed respectively; in R2 and R4, the reactive 978-1-5386-8529-7/18/$31.00 ©2018 IEEE power injection/absorption follows the line formed by points (P1,P2) and (P3,P4) respectively, whereas R3 is the dead-band.
Each region of the VV curve causes a discontinuity in the voltage-power manifold as shown in Figure 5 . The control signal for the inverter at bus 675 is the 3-phase average voltage at the terminals of the inverter. When the voltage remains within R3, the inverter is in FPF mode with unity power factor. As soon as the voltage exceeds P3, the inverter enters region R4 which causes a discontinuity in the manifold because of the dynamic VAR control. However, the voltagepower relation within each region can still be approximated by a hyperplane. Although not obvious, the inverter control logic can be abstracted in a manner similar to a voltage regulator or a capacitor bank. The control signal for the inverter is the average PCC voltage for a 3-phase system or the actual terminal voltage for a single phase system. Each region of the VV curve defines a unique inverter state with implicit transition boundaries defined by the set K = {P 1, ..., P 5}. Hence, the smart inverter can be treated in the same way as a regulator or a capacitor. Where a change in regulator tap position causes a jump in the voltage-power manifold, a change of inverter state (region) causes the slope coefficients of the manifold to change. Consequently, for each state of the inverter, a new set of plane coefficients needs to be computed to estimate the control voltage. Moreover, for ease of notation, we now refer to the set of regulators, capacitors and inverters as system controllers. For a circuit with p system controllers, let u p (t) denote their respective states at time t. We define the system controller state at time t as,
where T : Z p + → Z + is a hashing function that produces a unique positive index for every different combination of inputs.
IV. FAST QSTS USING LINEAR SENSITIVITY MODEL
An efficient and accurate method to estimate the plane coefficients is to perform multiple linear regression. The independent variables are the power injection profiles whereas the dependent variable is the control voltage magnitude. For a circuit with multiple system controllers, we need to estimate new plane coefficients each time a regulator/capacitor changes its state or an inverter enters a new region of the VV curve. This is because each change creates a discontinuity in the voltage-power manifold either by causing a discrete jump (regulators/capacitors) or by changing the slopes (inverter). For the modified IEEE-13 bus test case, there are five system controllers; 3 voltage regulators, 1 capacitor bank and 1 inverter (VV mode). The total number of possible system controller states for this case are 33 3 × 2 1 × 5 1 . Computing plane coefficients for each one of the possible states becomes an infeasible option, especially as the number of controllers in the circuit increases. However, it is important here to note that not all system controller states are actually experienced in the time series simulation. This is particularly true in case of voltage regulators, which may never encounter extreme tap positions. Consequently, we propose an online estimation methodology, which exploits this sparsity of the space of system controller states by only computing plane coefficients for states when they occur. Figure 6 shows a detailed flow chart of the proposed fast QSTS algorithm using linear sensitivity model. Let T f denote the time horizon of the QSTS simulation. The algorithm starts at t = 0, where the circuit is compiled once to determine the initial states of regulators, capacitors and inverters. Corresponding to this particular state of system controllers s t , a linear approximation of the voltage-power manifold is generated around the operating point. The operating point is determined by the value of load and PV power injection at time t i.e. x i (t), ∀i. For n input profiles, multiple linear regression requires a minimum of n + 1 distinct points on the manifold which is equivalent to solving n + 1 distinct power flows. To increase the accuracy, we use n + 2 points to obtain the plane 978-1-5386-8529-7/18/$31.00 ©2018 IEEE st . If a similar system controller state is encountered anytime during the time series simulation, the previously stored coefficients are retrieved. Using these coefficients, the control voltages of all the controllable elements can be quickly determined through time by only solving equation (1) . Finally, a controller logic determines if the state of any controllable element needs to be updated based on the control voltage. If so, the system transitions to a new state, otherwise the simulation steps through time.
V. SIMULATION RESULTS
To test the accuracy of the proposed fast QSTS algorithm 1 , we run a yearlong 1-second resolution QSTS simulation on the modified IEEE 13-bus test circuit shown in Figure 2a . The reference for comparison is the brute-force QSTS method. The test circuit has both three phase and single phase loads with a total rated power of 3.2 MW. All the loads in the circuit are assigned a 1-second resolution power injection profile obtained from SCADA measurements. Furthermore, the PV penetration is at 61% of the rated load with the PV system at bus 675 following a different power injection profile based on the field irradiance data. Figure 7 shows four days of data for the two input profiles used for the test circuit.
The impact metrics being used for comparison are the number of regulator tap changes and capacitor switches throughout 1 Fast QSTS simulation algorithm was implemented in MATLAB linked to OpenDSS through a COM interface. All simulations were performed on a Windows 10 machine with 32 GB of RAM and 3.50 GHz processor. the year. Three different scenarios are simulated that capture the applicability and effectiveness of the proposed algorithm, as shown in Table I . The brute-force results are obtained by running the QSTS simulation at 1-second resolution natively in OpenDSS, which chronologically solves power flows at each time step. To establish a baseline (case A), we assume that there is no PV in the system. For case B, a 2 MW PV system operating in FPF mode with unity power factor is installed at bus 675. A significant increase in the number of regulator tap actions and capacitor switches is observed due to the increased voltage variability caused by the PV system (see Figure 8) . In case C, the PV inverter is configured to follow the VV curve shown in Figure 4 . The VV control significantly reduces the total number of tap actions and capacitor switches. point of the system continuously jumps from one surface to another, as the system controller state changes.
In all the three test cases, the fast QSTS algorithm is able to predict the total state changes of all the controllable elements with a 2.3% average error. In addition, a computational time reduction of more than 98% is achieved because the fast QSTS algorithm only solves a small fraction of the total power flows required by the brute-force simulation (see Table  I ). Moreover, the time taken by the brute-force solution for case C is significantly higher when compared to the other cases because of the multiple iterations required by the power flow solver to converge. The small error introduced by the fast QSTS algorithm is caused due to the linearization of the voltage-power manifold.
VI. CONCLUSION
This paper presents a fast QSTS simulation algorithm capable of running time series analysis of 3-phase unbalanced distribution systems with various discrete-step, time-dependent controllable elements and smart inverters. The algorithm is capable of modeling the smart inverter dynamic VAR control in extended-term time series simulations and is able to determine their impact on legacy voltage regulation equipment including tap changing transformers and capacitor banks. Consequently, it allows distribution engineers to quickly simulate a set of candidate Volt-VAR curves to determine the optimal settings. Based on a perturb-and-observe technique for computing voltage sensitivities, the algorithm relies on creating a local linearization of the voltage-power manifold by solving a small set of power flows. The proposed fast QSTS algorithm is tested on a modified IEEE 13-bus test circuit with various inverter settings. The simulation results demonstrate a drastic time reduction, more than 90 times faster than the traditional bruteforce QSTS technique. Furthermore, by implementing the fast QSTS algorithm natively in software such as OpenDSS, an even greater time reduction can be achieved.
